cell-type specific genes. The submodules were mutually exclusive for a given cohort but 1 4 0 overlapped with submodules from other cohorts. A summary of these submodules is 1 4 1 provided in Table S4 . An eigengene for a given submodule is defined as the first principle Eigengene expression data for TCX, PHG, FP, and DLPFC regions was used to stratify determined the optimal number of clusters for different clustering methods by polling with For differential expression analysis, control decedents were defined as cognitively-normal 1 7 4 and MCI decedents for PHG, FP, and DLPFC. In the case of TCX, control decedents were 1 7 5 defined as cognitively normal, PSP, and PA decedents. For each of the regions used to 1 7 6 stratify LOAD cases (TCX, PHG, FP, and DLPFC), we performed differential expression 1 7 7 analysis to compare gene expression in case subtypes with control decedents as described above. We used the limma R package to perform the differential expression analysis between subtype and control decedents 25 . We used the clusterProfiler R package to as a quantitative trait in single-variant association for its respective brain region. For each 1 8 7 region, we also developed a subtype specificity metric by calculating the Euclidean 1 8 8 distance between the eigengene expression profile of each decedent and the centroid of each subtype cluster. This resulted in a vector of scores for each subtype that was mapped 1 9 0 separately. All quantitative trait mapping results had a genomic inflation factor near one, indicating that there was no significant population substructure effect on the mapping. QQ 1 9 2 plot analysis on the p-values showed no evidence of population substructure or 1 9 3 confounding effects ( Figure S2 ). The ROSMAP cohort represented the most adequately powered cohort in the study and submodule eigengenes or the subtype specificity metric resulted in a p-value smaller than 2 0 0 1×10 -5 and genome-wide significant if they resulted in a p-value smaller than 5×10 -8 , which from the ROSMAP cohort were reported in these studies at a p-value smaller than 5×10 -8 . A summary of the entire analysis is provided in Figure S3 . We performed an iterative gene list pruning process using the iterativeWGCNA approach to 2 1 4 refine the 26 human co-expression modules from the AMP-AD consortium. This resulted in 2 1 5 subsets, or submodules, of highly correlated genes that were exclusive to each module. Genes that were not highly correlated to any submodule were removed since they are less 2 1 7 likely to contribute to the overall signal of the submodule and more likely to introduce noise. We compared the submodules and detected specific LOAD-associated molecular pathways and processes that are shared across the three post-mortem brain cohorts and six brain 2 2 0 regions ( Figure S4 ). Furthermore, incorporating information from previously defined cell- submodules reflect 15 specific functional consensus clusters that are associated with 2 2 5 distinct pathways and processes related to LOAD ( Figure S4 ). We annotated submodules using GO term enrichment, KEGG pathway enrichment, and Reactome pathway enrichment to highlight the biological specificity of co-expression 2 3 0 signals captured by the different submodules (Table S6, Table S7 , Table S8 ). While the 26 2 3 1 harmonized co-expression modules were associated with five distinct consensus clusters 1 0 that captured a broader signal, the submodule associations were more specific in terms of the 68 submodules revealed cell-type specific signatures and elucidated gene sets for 2 3 5 specific biological pathways, including tau-protein kinase activity, neuroinflammation, 2 3 6 myelination, and cytoskeletal reorganization ( Figure S4 ). To map the genetic drivers of biological disease-associated signals resolved by 2 4 0 submodules, we performed single-variant association mapping of submodule eigengenes. reduce noise associated with the transcriptomic data. Genome-wide suggestive and 2 4 4 significant loci were detected for submodules in all four brain regions (Table S9 , Table S10 , 2 4 5 Table S11 , Table S12 ). We identified multiple loci that were replicated across the cohorts at 2 4 6 a genome-wide significant level. For instance, rs1990620 is a known variant in TMEM106B 2 4 7 that was identified as genome-wide significant in the DLPFC region from the ROSMAP 2 4 8 cohort was replicated (p < 5×10 -2 ) in all other brain regions from the Mayo and MSSM 2 4 9 cohorts. Clustering LOAD cases in subtypes based on eigengenes provided a method of assessing chose between two and three clusters for each region and the number of cases in each 2 5 5 cluster was balanced (Table S5 ). The subtypes were not enriched for common LOAD- complex that serves as a critical link between the amyloid cascade and inflammatory 2 8 5 events in LOAD 31 . Furthermore, multiple pathways linked to S100A8/9 activation, including 2 8 6 IL-10 signaling and complement activation were enriched across down-regulated genes in 2 8 7 Subtype B but not in Subtype A decedents as highlighted in Figure 5c . In addition, 2 8 8 molecular pathways linked to microglia activation ( Figure S8 ), the immune response, and 2 8 9 the stress response were found among the most significant pathways and gene sets ( Table   2 9 0 S13, Table S14 ) that differ across subtypes. Gene set enrichment analysis revealed a highlights that both molecularly defined LOAD subtypes differ in their immune response 2 9 5 and that known LOAD biomarkers, including S100A8/A9 32 , TREM2, and CCL2 might be 2 9 6 used to stratify patients based upon their inflammatory response to the observed disease 2 9 7 state. These results were consistent with the functional annotations of the previously 2 9 8 defined submodules that define both subtypes ( Figure 4C ). Genome wide association mapping revealed a differential enrichment of significant variants 3 0 2 across subtypes ( Figure 6 , Table S9, Table S10 , Table S11 , Table S12 ). Loci were 3 0 3 associated with one or more submodule eigengenes, as shown in Figure 6 . One genome- TMEM106B is a known modifier of neurodegenerative disease and cognitive aging, which 3 1 2 has been previously linked with cognitive performance 33 . Loss of TMEM106B function has which are in close vicinity to HMGB1, a locus that has been previously implicated in brain SNPs were replicated in the TCX analyses (p-value < 1×10 -2 ). The TMEM106B variant 1 7 temporal data makes it challenging to decisively interpret these profiles. The subtypes may 4 0 7 represent distinct LOAD endpoints, differences in disease severity, environmental effects, 4 0 8 or phases of molecular pathology. Neither subtype was associated with cognitive or 4 0 9 neuropathological outcome ( Figure S6 ). Furthermore, covariates such as sex, APOE 4 1 0 genotype, and years of education were not significantly enriched in any given subtype 4 1 1 (Figure 4 ). This suggests that the transcriptomic profiles do not represent transitions in subtypes capture various combinations of genetic elements that lead to LOAD pathology. While suggestive, these transcriptomic LOAD subtypes will require further validation in cohorts that adequately control for disease progression. The methodology presented in this study is not limited to RNA-Seq data and can be 4 2 0 performed on other omics, such as proteomics or metabolomics. As such data become 4 2 1 available for the decedents in these cohorts, this analysis can be expanded across these 4 2 2 additional informative dimensions. proteomic data in Alzheimer's disease. Sci. Data 5, 1-16 (2018) . Alzheimer's disease research. Sci. Data 5, 1-13 (2018) . iterativeWGCNA: iterative refinement to improve module detection from WGCNA co- A modified procedure u ing by clustering methods, was performed to obtain 4 modules bas as subjected to iterativeWGCNA, a procedure that repeatedly perfo elated gene sets and exclude weakly correlated genes. 11 submod ene, or first principal component of each submodule, was calculate r single-variant association mapping. Furthermore, the eigengene ster analysis and generate subtypes of LOAD cases. A Euclidean genomic loci for each subtype using single-variant association map (A) RNA-Mild using ased on rforms odules ated for e n apping.
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